Please cite this article as: Weber, I., Florin, E., von Papen, M., Visser-Vandewalle, V., Timmermann, L., Characterization of information processing in the subthalamic area of Parkinson's patients, NeuroImage (2020), doi: https://doi.
Hz by means of deep brain stimulation (DBS) greatly alleviates the main motor (Alamri et al. 2015 ) 48 and non-motor symptoms (Dafsari et al. 2016) . While most of the main motor symptoms in PD can 49 be effectively treated with DBS, not much is known regarding its mechanism of action (Herrington et 50 al. 2016) . 51
According to one popular theory, DBS acts as an informational lesion, which effectively nullifies 52 pathological information content in the motor network (Grill et al. 2004 ; Agnesi et al. 2013 ). The 53 theory is based on the observation that stimulation has a similar therapeutic effect as a lesion of the 54 target structure, while also regularizing its electrophysiological activity. In information theory, 55 information content can be quantified using the Shannon entropy (Shannon СE 1949) . Within this 56 framework a regular or frequent event possesses a low information content, while a rare or random 57 event possesses a very high information content or entropy. Several information theoretic measures 58 have been used in animal studies to correlate pathology and DBS effects with information content 59
and derived concepts such as information transfer (Schreiber 2000) . 60
In nonhuman primates DBS of the internal segment of the globus pallidus (GPi) effectively entrained 61 neural activity, while partially reducing the encoding of joint kinematics, i.e. the responsiveness to 62 joint position, velocity or acceleration (Agnesi et al. 2013 ). In a study by Dorval and Grill (Dorval and 63 despite an overall higher entropy. This is in line with computational and in-vitro studies, which 69 observed that low entropy in the target correlates with a more efficient information transfer 70 (Vakorin et al. 2011; Shew et al. 2011 ). The reason for this is most probably synchronization between 71 source and target, which has been shown to also optimize information transmission (Buehlmann and 72 Deco 2010). One mechanistic explanation for this optimization is the "Communication through 73
Coherence" hypothesis (CTC, for a review see Fries 2015) . The CTC hypothesis states that effective 74 connectivity between neuronal populations becomes selectively enhanced by matching the 75 oscillations of the source with the excitability cycles of the receiver region. In this framework the 76 synchronized signals itself would not carry any information but would rather act as carrier signals 77 relaying information more efficiently. In contrast, for signals which directly interact, synchronization 78 limits the amount of transferred information in comparison to non-synchronized source and target. 79 This is because synchronized time series become more regular, which leads to an overall decrease of 80 information content in the source. Dorval and colleagues (2008) correlated neuronal entropy and 81 information transfer within and between the internal (GPi) and external segment (GPe) of the globus 82 pallidus with symptom severity of parkinsonian rhesus monkeys. The authors demonstrated that the 83 severity of PD increases with neural entropy in the GPi and GPe. 84
Overall, these animal studies might implicate a possible pathological information processing in the 85 motor network, i.e. the GPi to be at least partially responsible for the pathological state in PD. It is 86 less clear if similar conclusions can be drawn with respect to the subthalamic area, i.e. STN and zona 87 incerta (ZI). Given its role as a key player in the basal ganglia cortex loop and the effectivity of its 88 stimulation (Alamri et al. 2015) , inference on the computational capabilities of the STN is of major 89 interest to advance understanding of the mechanism of action of DBS and to further optimize 90 treatment. Thus, correlating information content with symptom severity of PD patients is the first 91 major aim of this study. To the best of our knowledge, no study has so far characterized the 92 relationship of information content of electrophysiological activity in STN and symptom severity in 93 human PD patients. Based on previous animal studies in the GPi (Agnesi et al. 2013; Dorval and Grill 94 2014; Dorval et al. 2008) , we hypothesized that total information content of STN local field potentials 95 (LFP) is positively correlated with symptom severity. 96
According to Turing (Turing 1937 ) every act of information processing can be decomposed into 97 information storage (Lizier et al. 2012) , information transfer (Schreiber 2000) and information 98 modification, with storage formally conceptualized in recent years and modification still being under 99 debate (Lizier et al. 2013) . Information storage quantifies the average amount of information shared 100 between the past and the present and is thus related to the concept of autocorrelation. It can be 101 interpreted as the average amount of information content currently in use (Lizier et al. 2012) . 102
Information transfer can be quantified by transfer entropy, which is closely related to model-based 103
Granger causality (Barnett et al. 2009 ). As Lizier et al. (2010) have demonstrated, information storage 104 and information transfer from all possible sources together compose most of the total information 105 content of a target system. Thus, to optimally characterize the information processing in the STN, we 106 analysed its information storage, information transfer and information content. 107
With the concept of information storage just recently being formalized, only few studies have 108 adapted the method in neuroscientific research (e.g., Wibral et al. 2014 ). As previously explained, 109 information storage is related to the concept of autocorrelation, as it quantifies how much 110 information is shared between the present and past of a signal. Since STN activity of PD patients is 111 dominated by pathological oscillatory activity (Oswal et al. 2013) , it can be speculated that it is also 112 characterized by a high degree of information storage. This is because in the information theoretic 113 sense a highly periodic signal is completely predictable by its own past (Lizier et al., 2008) . 114
Consequently, this might render the motor program of the basal ganglia network inflexible to fast 115 processing. 116 patients has been previously studied with Granger-causality. It could be demonstrated that the 118 directionality of information flow is mostly from the periphery, i.e. arm muscles to the STN (Florin et 119 al. 2010) . Although Granger-causality and transfer entropy are closely related (Barnett et al. 2009 ), 120 the former is less sensitive to nonlinear interactions. 121
Taken together, analysis of information content, transfer and storage is optimally suited to 122 extensively characterize subthalamic electrophysiological activity and might lead to new insights 123 concerning the pathomechanism of PD. One advantage of this approach is that the three methods 124 complement each other. On the one hand, information transfer and storage add up to the total 125 information content. On the other hand, storage and transfer are computationally and conceptually 126 complementary. As has been previously demonstrated, information storage is associated with 127 ordered dynamics and little randomness, while information transfer is associated with high activity 128
and increased randomness ). In line with the informational lesion hypothesis (Grill et In this study we analyse a) the information content, b) the information storage and c) the 141 information transfer in the subthalamic area. In a), we correlate symptom severity of PD patients 7 with total information content. In b), we test the information storage in the STN at rest and during 143 movement in comparison to the ZI. In c), we test for the directionality of information transfer 144 between the subthalamic area and three different forearm muscles. Table S1 ). The classification as akinetic-rigid was based on patients' 150 preoperative UPDRS motor score (part III). Because of chronic ON/OFF fluctuations due to long-term 151 side-effects of medication, patients received bilateral implantation of DBS electrodes in the STN. 152
Patients were withdrawn from anti-Parkinson's medication at least 12 h before operation in order to 153 minimize influence on clinical testing and electrophysiological recording. The choice for implantation 154 was made according to the German guidelines for DBS in PD (Lang et al. 2006 Teningen, Germany). Electrodes were arranged in a concentric geometry (Ben-Gun configuration) 166 with 2 mm spacing between outer and central electrode. For the remainder of this study we refer to 167 the dorsal subthalamic area as the ZI, although one has to keep in mind that other fibers also cross in 168 this region including the fields of Forel (Schaltenbrand and Wahren 1977) . The identification of the 169 electrode location, i.e. in the STN or in the ZI, was verified by two experts (EF, IW) by visually 170 checking microelectrode recordings for typical STN activity. Both, during recording within STN and ZI, 171 patients performed a holding task, in which they lifted the forearm contralateral to the recording 172 electrode in the STN for at least 20 s, followed by a rest condition for at least 30 s. Details concerning 173 the operation procedure and contact localisation can be found in Florin et al. (2010) . Patients 4, 5, 12 174 and 19 performed the task successively for both hemispheres. To account for the predominantly 175 asymmetric nature of the disease and to increase our sample size, each hemisphere was treated as a 176 separate subject. This is justified due to the predominant asymmetric nature of the disease. 177 in the ZI (Figure 1b ). Similarly, EMGs during the holding task ( Figure 1d ) have a larger activity than 183 those during rest (Figure 1c ). Note that in this particular example EMG activity is clearly visible even 184 at rest, possibly due to rigidity (Cantello et al. 1995) . 185
The data were sampled at a frequency of 2456 Hz and pre-processed offline using a fourth order 186 causal Butterworth low-pass filter at 320 Hz and a fourth order causal Butterworth high-pass filter at 187 2 Hz. As previously shown, low-pass filtering and downsampling may lead to spurious directionalities 188 for transfer entropy (Weber et al. 2017 ). Thus, we refrained from downsampling our data and 189 restricted low-pass filtering to a high cut-off frequency. Power line artefacts at 50 Hz were regressed 190 out in frequency domain using the Cleanline algorithm implemented in the EEGlab Toolbox in Matlab 191 (Delorme and Makeig 2004) . Filtered data were visually inspected for artefacts. As the time series 192 need to be stationary to get reasonable estimates of the information theoretic measures used in this 193 study, the longest consecutive segment of each time series free from movement or jump artefacts 194 was used for further analysis. For this purpose, data was first standardized using z-score and then 195 visually inspected for stationarity. Movement artefacts were identified as large amplitude variation, 196 which sometimes even exceeded the data range and jump artefacts were sudden changes in 197 amplitude. After pre-processing n = 67 electrodes remained for the STN at rest, n = 69 for the STN 198 during the hold condition, n =79 for the ZI at rest and n = 81 electrodes for the ZI in the hold 199 condition. For our main analysis involving information content (see methods 3.1.) and storage (see Within the frame of this paper, each measured time series is regarded as a stochastic process, with 216 each time point representing the realization of a stochastic variable. In order to calculate the total 217 information content of the time series recorded in the subthalamic area we calculated the 218 differential entropy: 219
with a probability density function (PDF) p(x) of the random variable X. The differential entropy is a 220 measure to calculate the entropy of a random variable with a continuous probability distribution. It is 221 closely related to the Shannon entropy, which is the average of the information content of a 222 stochastic process with a discrete probability distribution. For this study we implemented the 223 Kozachenko 
where Ψ is the digamma function, which is defined as the logarithmic derivative of the gamma 226 function Γ(x). The digamma function satisfies the relation: ψ(x+1)=ψ(x)+1/x. m is the number of 227 nearest neighbours in state-space (we use m=4), N is the total number of points and ε is the 228 neighbourhood-diameter. The state-space is a multidimensional space, with each dimension 229 representing one non-redundant degree of freedom of the underlying system. For stochastic systems 230 it can be reconstructed from univariate time series by optimizing its self-prediction (Ragwitz and 231 Kantz 2002) . In state-space, probability densities can be estimated by analysing neighbourhood 232 relations, i.e. counting the number of nearest spatial neighbours of each point. These 233 neighbourhood-estimators have been shown to be highly data efficient and less prone to estimation 234 bias (Kraskov et al. 2004 ). Since the natural logarithm was used for estimating PDFs, H is presented in 235 nats (natural unit of information). In contrast to Shannon entropy, which is always positive, 236 differential entropy may also assume negative values as the estimated probability densities may 237 locally exceed the range of zero to one (Michalowicz 2018; Cover and Thomas 2006) . 238
Transfer Entropy 239
Transfer entropy (TE) is a nonparametric information theoretic measure to infer directed information 240 flow ( Figure 2) . It is a model free generalization of classic Granger causality in the framework of information theory, capable of inferring nonlinear interactions (Schreiber 2000) . Like Granger 242 causality, TE is based on Wiener's principle of causality which states that a process X is considered 243 causal for a process Y if Y can be better predicted using past information of X than by using only past 244 information of Y (Wiener N. 1956 ). TE is defined as 245 when the autocorrelation drops to 1/e of its original value. In these ranges the parameters d and τ 260
were jointly optimized for all trials using the Ragwitz criterion implemented in TRENTOOL. k 345 was 261 chosen to be 4 as advised in (Kraskov et al. 2004 ). Wibral et al. (2013) proved that the true information transfer delay can be reconstructed by scanning an interval of delays for the maximum 263 transfer entropy at face value. Thus, the reconstruction of the interaction delay can be considered a 264 pre-processing step before the definitive estimation and statistical testing of transfer entropy, which 265 only takes place for this one interaction delay. The choice of the transmission delay is only meant to 266 eliminate the usually arbitrarily chosen free parameter. None of the other delay candidates were 267 tested statistically. As the correct information transmission delay is unknown, we scanned TE over a 268 range of 8 345 =1-400 ms. We determined the maximum TE in this range and used it to compare the 269 number of detected significant directional connections between muscles and subthalamic area 270 regarding recording sites (STN vs. ZI) and conditions (rest vs. hold). 271 Then surrogates were generated by randomly swapping time series between trials, for which TE was 304 also estimated. Finally, TE estimates were np=190100 times randomly swapped between original and 305 surrogate data. If the mean difference of original and surrogate data was above the 95th percentile 306 of permuted differences, TE was considered significant at an alpha-level of 0.05. For the directionality 307 analysis, we applied two alpha level corrections to account for inflation of type I errors. First, for each 308 combination of condition and recording site we corrected all significance thresholds for each possible 309 coupling direction between electrodes using false discovery rate (FDR). Second, for the statistical 310 comparison between conditions, recording sites and direction of information transfer, we employed 311 a Fisher's exact test at an alpha level of 0.05 and a subsequent Bonferroni correction. For this 312 comparison all channel combinations per coupling directionality were pooled over subjects. 313
Active Information Storage

Results
Results Results Results 
Comparison of information storage between conditions and recording sites
Directionality of information flow 353
Using TE we analysed the directed information flow between two recording sites in the subthalamic 354 area (STN and ZI) and three forearm muscles during a hold and a rest condition. We focused on two 355 questions: Do we detect more efferent or afferent information flow in one of the conditions? Is the 356 information flow modulated by motor activity, i.e., by the hold condition? 357
For the rest condition and both coupling directions, we found significantly more directional 358 interactions between STN and EMG than between ZI and EMG (Fig. 6) was also apparent for the hold condition although not significant after alpha level correction. In 362 contrast to the STN, we found information transfer from the ZI to EMG to be modulated by the hold 363 condition, i.e., an increase of detected directionalities from 26.6% during rest to 41.5 % during the 364 hold condition (Fisher's exact test: p=0.0096, Bonferroni corrected (x12)). This modulation was also seen for the reverse coupling direction (EMG to ZI) but to a lesser extent. Here, an increase of 366 detected directionalities was only significant before alpha-level correction. No significant differences 367 between coupling directions could be detected. Although the STN is a major target for DBS in PD, much is still unknown regarding its role in the 375 motor network and the positive influence of stimulation in this area (Guridi and Alegre 2017). In this 376 study we therefore focused on the role of the subthalamic area with respect to information 377 processing in patients with Parkinson's disease and analysed the differential entropy, active 378 information storage and transfer entropy of LFP and EMG signals. We compared the results obtained 379 in the STN with those obtained in the ZI during two movement conditions. We found a significant 380 correlation of differential entropy with hypokinesia scores, a larger active information storage in the 381 ZI compared to STN, and during rest more directional interactions related to the STN compared to ZI. 382 patients and information content of LFP activity in the subthalamic area. This suggests that the 385 degree of symptom severity is reflected in the complexity of neural activity in the basal ganglia 386 network. The relationship between pathology and information processing seems to be specific for 387 total information content. We did not find any correlations for AIS (|ρ|<0.15, p>0.5, data not shown). With the mechanism of action of DBS still being unresolved, Grill et al. (2004) proposed that an 394 informational lesion takes place during stimulation that overrides increased pathological information 395 content. However, subcortical networks do not seem to be the only regions with increased neuronal 396 complexity in PD patients. During execution or imagination of complex movements, PD patients 397 showed increased cortical complexity of electrophysiological activity measured via 15-channel 398 electroencephalography (Müller et al. 2001 ). The authors hypothesized that the increased cortical 399 complexity was the result of decreased inhibition of alternative, conflicting motor programs in the 400 basal ganglia network. Since entropy also quantifies the randomness or complexity of a signal, it can 401 be speculated that the same reasoning could be applied to the increased information content in the 402 subthalamic area and its correlation with clinical scores. Since the basal ganglia's role in the motor 403 system is to facilitate voluntary and inhibit competing movements (Mink 2003) , too many equally 404 competing motor programs might thus result in a higher complexity of neuronal activity as well as in 405 akinesia and thus a high clinical score. 406
The notion of high information content or high complexity of pathological signals may be 407 counterintuitive given the abundance of literature demonstrating prominent pathological oscillations in the basal ganglia network (Oswal et al. 2013) 
Information storage and transfer in the subthalamic area 415
In order to quantify information storage and transfer in the subthalamic area we analysed the active 416 information storage in LFP and transfer entropy between LFP and EMG. We hypothesized that STN 417
LFPs have an increased information storage in comparison to the ZI. However, we observed the 418 opposite with ZI LFPs exhibiting a higher AIS than the STN at rest. While this may be the result of a 419 generally higher information content in the ZI, we correlated the differences of AIS per condition 420 with the differential entropy at rest. The analysis validated our results by demonstrating that the 421 differences between recording sites are independent of the total information content at rest (STN: 422 rho=0.36, p=0.10, ZI: rho=0.07, p=0.79). A small AIS indicates a high rate of renewal in STN signals. 423
This may explain why in DBS a high frequency stimulation is necessary to continuously override 424 pathological information. With each arriving DBS pulse, the neuronal oscillatory activity becomes 425 initially disturbed (Velarde et al. 2017). However, due to the small "memory" of the local neuronal 426 network the stimulation frequency has to be high enough to continuously override pathological 427 activity. 428
For TE we generally detected more directional interactions between the STN and forearm muscles 429 than between ZI and forearm muscles, indicating a more prominent role of the STN in the motor 430 network. This may be partially explained by the higher information content of STN-LFPs, as studies 431 could demonstrate that a high complexity optimizes information transmission (Vakorin et al. 2011; 432 Shew et al. 2011 ). However, in contrast to the ZI we detected no modulation of information flow with 433 respect to the rest and hold condition in the STN. This might indicate that the STN is more involved with modulation of ongoing muscle activity, while ZI might process information more specific to 435 voluntary movement. Relevance of the ZI in motor control has been shown by Périer et al. (2002) in 436 an animal study, where a GABA-receptor antagonist injected into the ZI of rats led to an increase of 437 motor activity. Using Granger causality Florin et al. (2010) reported more afferent than efferent 438 connections during the rest condition for both STN and ZI related connections with forearm muscles. 439
We could verify this result in a supplementary analysis using partial directed coherence, a 440 multivariate extension to Granger causality (see Supplementary Methods S1 and Supplementary 441 Figure S1 ). We observed more afferent than efferent connections between muscles and STN and ZI 442 for both movement conditions. However, we did not find this asymmetry of directionality for TE. One Methods S2). Briefly, we estimated spectral coherence for significant directionalities and calculated 455 the proportion of co-occurrences as a function of frequency (Supplementary Figure S2) . Results 456 suggest that the hold condition is mainly characterized by connections in the beta-band, while the 457 rest condition shows an additional peak in theta frequency range (STN) and alpha-band (ZI). The 458 corresponding averaged coherence spectra show clear peaks in the theta (4-8 Hz, Supplementary 459 Figure S3c ), beta (20-24 Hz, Supplementary Figure S3b One drawback of our study is that we cannot demonstrate whether our findings regarding 478 information transfer and storage are pathological. Naturally, this is difficult to prove since the 479 subthalamic region of healthy controls cannot be recorded intraoperatively due to ethical reasons. 480
However, future studies may compare PD patients with patients suffering from other diseases with 481 indications for DBS, e.g. dystonia (Hemptinne et al. 2013) . While this approach does not clarify 482 pathology per se, it may however give credence to the specificity of our findings. One might 483 speculate that information transfer between subthalamic region and periphery is elevated in PD 484 patients in comparison to controls as muscle activity is constantly increased due to rigidity and 485 tremor (Cantello et al. 1995; Agapaki et al. 2018 ). On the other hand, AIS might be pathologically 486 decreased as a side-effect of increased entropy. This might result in an inability to properly integrate 487 afferent activity e.g. via the hyperdirect pathway. 488
Circuit model 489
Our findings may have mechanistic implications for the pathomechanism of PD in the basal ganglia. 490
The origin of pathological oscillatory activity in the basal-ganglia, i.e. beta-band activity is still 491 insufficiently explained. One possibility is that afferent noise from the periphery, transmitted via the 492 hyperdirect pathway, increases the baseline beta-activity of subthalamic populations, thereby 493 effectively lowering the threshold for spike generations. Such an effect of noise on subthreshold 494 oscillations is known as stochastic resonance (for a review see (McDonnell and Abbott 2009)) and has 495 been observed e.g. in hippocampal neurons (Stacey and Durand 2000) , computational models for 496 epilepsy (Sohanian Haghighi and Markazi 2019), muscle spindles (Cordo et al. 1996) and the auditory 497 system (Zeng et al. 2000) . Another computational study assumes stochastic resonance to be a major 498 mechanism of the basal ganglia to initiate movements (Chakravarthy 2013) . However, they propose 499 that a lack of noise results in PD akinetic symptoms. Further studies are needed to verify the role of 500 noise in the basal ganglia. in the caudal ZI led to a significantly stronger reduction of the mean UPDRS III than stimulation within 512 the STN or dorsomedial part of the STN. 513
Our results might partly explain the effectiveness of ZI as a target for DBS by a higher specificity for 514 motor related information transfer. While the information transfer between STN and forearm 515 muscles was generally observed to be higher, it was only visibly modulated by movement within the 516 ZI. This significant specificity of movement related information transfer might also be applicable as a 517 potential biomarker for closed loop DBS systems (Little et al. 2013 ). 518 5.5. Finite sample effects for estimation of differential entropy and mutual 519 information 520 Within our study, we estimated differential entropy and AIS using data segments of 19648 samples, 521
i.e. 8 s. In order to exclude finite sampling effects, we performed two additional analyses (see 522 Supplementary Methods S3). First, we calculated the mean differences of estimated and analytical 523 differential and mutual information values as a function of data length, i.e. 100-10000 samples 524 (Supplementary Figure S4 ). We could demonstrate that estimates are asymptotically stable for 525 sample sizes N>5000 samples. Second, we calculated differential entropy of STN-LFPs of four patients 526 at rest as a function of sample size, using the same range. Again, estimates remained stable for data 527 lengths n>10000, i.e. ~ 4 s (Supplementary Figure S5) . Thus, it can be assumed that data segments of 528 8 s are sufficient to sample the underlying probability distributions and get meaningful results. 529 6. 6. 6.
Conclusions Conclusions Conclusions Conclusions
530
Our study could demonstrate behaviourally dependent pathological information processing in the 531 subthalamic area of PD patients. The differential entropy of LFPs is significantly correlated with 532 hypokinesia scores, active information storage is larger in the ZI compared to STN, and there are 533 more directional interactions with EMG related to the STN compared to ZI. Our results might help to 534 better understand pathophysiology of PD and the mechanism of action of deep brain stimulation. 535
